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Abstract 
In this paper, the model predictive control (MPC) method is researched for energy management problem of a plug-in 
hybrid electric vehicle (HEV). The multi-step Markov prediction method is used to predict the driving condition. 
Dynamic programming (DP) is used to solve the optimization problem within the prediction horizon. Through the 
comparison of MPC result with the results of DP strategy and a rule-based strategy, it is certified that the MPC 
strategy can be implemented to solve the optimization problem for PHEV with good fuel economy.  
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Nomenclature 
 
MPC model predictive control  
HEV      hybrid electric vehicle 
DP         Dynamic programming 
ECMS   Equivalent consumption minimization strategy 
PED      Pure electric driving 
HDCD  Hybrid driving charge depleting 
HDCS   Hybrid driving charge sustaining 
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1. Introduction 
PHEVs can be charged so that PHEVs can use the electricity energy. The energy management strategy 
solves the powe distribution problem of the two power sources. The energy management strategies of 
PHEVs can be classified into two categories: rule-based strategies and optimization-based strategies [1]. 
ECMS is an instantaneous optimization, which evaluates the instantaneous cost function as a sum of the 
fuel consumption and the equivalent fuel cost of electric energy [2,3]. ECMS solves the power-split 
problem at each time instant rather than over the whole time horizon, so it loses the potential to get a 
global optimum. DP algorithm is selected to realize a global optimization of energy management for 
HEVs [4]. Nevertheless, the performance of DP algorithm is totally dependent on the detail information 
of driving cycle which is difficult to know precisely.  
MPC uses history data or telemetry to predict the future traffic information. Through a series of 
researches, the MPC strategy has been proved to be powerful and effective in the optimization of control 
strategies in HEVs [5-7]. 
In this paper, under the MPC framework, the multi-step Markov prediction method is used to predict 
the driving condition and DP is used to solve the optimization problem within the prediction horizon. 
2. The MPC energy management stratety 
2.1 The single-axis parallel PHEB configuration 
In this paper, we take a single-axis series-parallel PHEB powertrain as our research object. Fig. 1 
shows the powertrain configuration, which mainly includes a conventional internal combustion engine 
(ICE), an integrated starter generator (ISG) motor, a traction motor, a clutch and a battery pack. 
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Fig. 1. Powertrain configuration of the PHEV 
2.2 The multi-step Markov-based velocity prediction 
The multi-step Markov-based predictive method can be described as following steps: 
Step 1: Chose a sample driving cycle (Fig. 2). Discretize the velocity and acceleration into finite values 
as follow: 
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Fig. 2. Velocity profile of the CTUDC cycle. 
Step 2: At each moment of the sample driving cycle, known current velocity   nv k v  and 
acceleration   ia k a , record the accelerations of the next p steps,      1 21 , 2 , ,j j jpa k a a k a a k p a      . Calculate the probability distribution of the acceleration 
at each (v, a) point for x steps. Fig. 3 shows the 10-step acceleration distribution when v=40km/h. 
 
Fig. 3. The 10-step acceleration distribution (v=40km/h). 
Step 3: Based on current velocity and acceleration, using the x-step acceleration distribution calculated 
above to predict the accelerations. Then we can get the velocities and accelerations within the prediction 
horizon. The prediction effects for different prediction horizons are shown in Fig. 4. 
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Fig. 4. The prediction effects for different horizons 
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2.3 Optimization problem formulation 
For PHEV energy management problem, the MPC algorithm is employed for fuel consumption 
minimization. At each simulation step k, the following steps are taken: 
(1) Predict the velocities within a finite prediction horizon, with the current velocity into account 
inclusive. 
(2) Calculate the torque requests and the optimal control sequence within the horizon based on DP 
algorithm. 
(3) Apply the first element of the optimal control sequence to the vehicle. Update vehicle velocity, and 
repeat the control procedure. 
The cost function is expressed as follows:  
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Considering the health and efficiency of the battery, the high level and low level are selected to be 0.8 
and 0.3, respectively. When the battery SOC is higher than 80%, the PHEV is not allowable to implement 
regenerative braking. As a consequence, we can conclude that the SOC decreases faster when the battery 
SOC is higher than 80%, contrast with the SOC decrease when the battery SOC is between 30% and 80%. 
Therefore, the SOC reference value is calculated as follow: 
 
0 0 high high
cyc
r
high
high high f high
cyc high
SOC (SOC -SOC ),if  
SOC ( )
SOC (SOC -SOC ),if  
k k t
t
k k t
k t
t t
­  °° ® °  t°¯
 (4) 
where hight  is the moment that SOC down to 80%; SOC 80%high   . 
The constraints of system variables can be expressed as follows: 
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After the predicted velocities within the prediction horizon are obtained, the optimization problem 
becomes a finite-horizon nonlinear optimization problem with constraints. DP is the best choice to solve 
this problem. 
At step k, the horizon optimization problem is described as follow:  
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Utilizing DP algorithm, this problem is solved backward. For step k p , the sub problem is 
          *_ + min , ( ( 1))k k p u k pJ x k p L x k p u k p h x k p ª º      ¬ ¼   (7) 
For step  (0 )k kk i i p d  , the sub problem is 
             * *_ + _ + 1min , 1k kkk k i k k k k k i ku k iJ x k i L x k i u k i J x k i ª º      ¬ ¼  (8) 
where   *_ + kk k i kJ x k i  is the optimal cost-to-go function from the step kk i to the terminal of the 
prediction horizon at the state  kx k i ;  1kx k i   is the state in the  1 thkk i  step as the result 
that the control variables  ku k i  is applied to the state  kx k i  at step kk i . 
3. Simulation results and discussion 
The results calculated by MPC are compared with the simulation results of the PED + HDCD + HDCS 
strategy from reference [8] and the results of DP strategy from reference [9].The SOC trajectories of the 
PHEB with three kinds of control strategies are shown in Fig. 5. 
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Fig. 5. The SOC trajectories comparison 
Fig. 6 shows the relationship between the trip distance and the fuel consumption per 100km of the 
PHEB with three kinds of strategies. 
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Fig. 6. relationship between fuel economy and distance 
As shown in Fig. 6, when the trip distance is less than 95 km, the fuel economy of PHEB under PED + 
HDCD + HDCS strategy is better than the results calculated by MPC and DP strategies. However, the 
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latter is gradually superior to the former as the trip distance increases. The reason is that DP-based 
strategy could coordinate different components of the PHEB powertrain to efficiently work from the 
global standpoint. Though the MPC strategy is unable to obtain the optimal fuel economy, the fuel 
economy is improved about 10% than the PED + HDCD + HDCS strategy.  
As shown in Fig. 7, the distribution probability of the BSFC of the ICE working points in the results 
calculated by MPC is much better than that under PED + HDCD + HDCS strategy and close to that under 
DP strategy. 
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Fig. 7.  The distribution probability of the BSFC 
4. Conclusions 
Detail procedures of the multi-step Markov-based method were given to realize the velocity prediction. 
The microscale DP optimization problem was formulated within the MPC framework. The simulation 
was performed and the result under MPC strategy was compared with DP strategy and PED + HDCD + 
HDCS strategy. The MPC result was obviously better than PED + HDCD + HDCS and close to DP result.  
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